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( 57 ) ABSTRACT 
A method for compressing an initial weight matrix includes 
generating a first weight matrix and a second weight matrix 
according to the initial weight matrix where the initial 
weight matrix is a Kronecker product of a transposed matrix 
of the second weight matrix and the first weight matrix ; 
optimizing the first and second weight matrixes to generate 
an optimized first weight matrix and an optimized second 
weight matrix ; generating a processed data matrix according 
to an initial data matrix where the initial data matrix is 
vectorization of the processed data matrix ; multiplying the 
processed data matrix by the optimized first weight matrix to 
generate a first product ; multiplying the optimized second 
weight matrix by the first product to generate a second 
product ; and vectorizing the second product . The initial 
weight matrix requires a larger memory space than a com 
bined memory space of the first and second weight matrixes . 

8 Cla 7 Drawing Sheets 

400 

For an initial data matrix X according to data 
collected by a Doppler radar wherein the Doppler radar 

detects gestures to collect the data 
405 

generate a first weight matrix A and a second weight 
matrix B according to the initial weight matrix W 
where the initial weight matrix is a Kronecker 
product of a transposed matrix B ' of the second 
weight matrix B and the first weight matrix A 

-410 

optimize the first weight matrix A and the second 
weight matrix B to generate an optimized first weight 
matrix Appt and an optimized second weight matrix B 

-420 
opt 

generate a processed data matrix X ' according to the 
initial data matrix X where the initial data matrix X 

is vectorization of the processed data matrix X ' 
-430 

multiply the processed data matrix X ' by the 
optimized first weight matrix Apps to generate a first 

product ( Aopt * X ) 
440 

multiply the optimized second weight matrix Bopt 
by the first product ( Aopt * X ' ) to generate a second 

product ( Aope * X'x Bopp ) 
450 

vectorize the second product ( A ope * X ' x Bopt ) to 
generate vectorization of the second product 

( vec ( Aopt * X'x Bopt ) ) 
460 
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400 

Form an initial data matrix X according to data 
collected by a Doppler radar wherein the Doppler radar 

detects gestures to collect the data 
405 

generate a first weight matrix A and a second weight 
matrix B according to the initial weight matrix W 
where the initial weight matrix is a Kronecker 
product of a transposed matrix B7 of the second 
weight matrix B and the first weight matrix A 

410 

optimize the first weight matrix A and the second 
weight matrix B to generate an optimized first weight 

matrix Aopt and an optimized second weight matrix B 
420 

opt 

generate a processed data matrix X ' according to the 
initial data matrix X where the initial data matrix X 

is vectorization of the processed data matrix X ' 
430 

multiply the processed data matrix X ' by the 
optimized first weight matrix A to generate a first 

product ( Aopt X ' ) 
440 opt 

multiply the optimized second weight matrix Bopt 
by the first product ( A X ' ) to generate a second opt 

product ( Aopt XX ' x Bopt ) 
-450 

XX ' x Bopt ) to opt vectorize the second product ( A 
generate vectorization of the second product 

( vec ( Aopt XX ' x Bopt ) ) 
-460 

FIG . 4 
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Optimize the first weight matrix and the second 
weight matrix to generate the optimized first weight 
matrix and the optimized second weight matrix by 
performing neural network training with the first 
weight matrix and the second weight matrix 

FIG . 6 

Optimize the first weight matrix and the second 
weight matrix to generate the optimized first 

weight matrix and the optimized second weight 
matrix by performing neural network training and 
quantizing a result of the neural network training 

FIG . 7 
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optimize the first weight matrix and the second 
weight matrix to generate the optimized first 

weight matrix and the optimized second weight 
matrix by performing neural network training with 

the first weight matrix and the second weight 
matrix , and compressing a result of the neural 

network training with an entropy coding algorithm 

FIG . 8 

Store the initial weight matrix , the first weight 
matrix and the second weight matrix in a memory , 

and the memory is a random access memory , 
dynamic random access memory , static random 

access memory , or flash memory 

FIG . 9 
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METHOD FOR COMPRESSING INITIAL FIG . 4 illustrates a flowchart of a method corresponding 
WEIGHT MATRIX CAPABLE OF REDUCING to FIGS . 1-3 and according to an embodiment . 

MEMORY SPACE FIG . 5 illustrates a block diagram of applying the opti 
mized weight matrixes according to an embodiment . 

BACKGROUND OF THE INVENTION FIG . 6 illustrates a step performed for optimizing the first 
weight matrix and the second weight matrix described in 

1. Field of the Invention FIG . 4 according to an embodiment . 
FIG . 7 illustrates a step performed for optimizing the first 

The invention relates a method for compressing an initial weight matrix and the second weight matrix described in 
weight matrix , and more particularly , a method used to 10 FIG . 4 according to another embodiment . 
obtain a set of weight matrixes according to the initial FIG . 8 illustrates a step performed for optimizing the first 
weight matrix where the initial weight matrix requires a weight matrix and the second weight matrix described in 
larger memory space than a combined memory space of the FIG . 4 according to another embodiment . 
set of weight matrixes . FIG . 9 illustrates a step of storing the initial weight 

15 matrix , the first weight matrix and the second weight matrix 
2. Description of the Prior Art in a random access memory ( RAM ) , dynamic random 

access memory ( DRAM ) , static random access memory 
In the field of machine learning , in order to perform ( SRAM ) , or flash memory according to an embodiment . 

weighted calculations , it often results in a large amount of 
computations . A common calculation method is to put 20 DETAILED DESCRIPTION 
weight variables into a matrix to obtain a weight matrix , and 
then perform a weighted calculation by means of matrix FIG . 1 illustrates a calculation of matrix multiplication 
multiplication using the weighted matrix . However , the 100 according to an embodiment . The matrix multiplication 
weight matrix is often excessive and results in that the 100 may be performed by multiplying an initial data matrix 
memory space cannot be reduced . In addition , there still 25 X by an initial weight matrix W , that is , WxX . As shown in 
lacks a solution to reuse hardware when performing FIG . 1 , the initial weight matrix may be a wlxw2 matrix , 
weighted calculations under different layers to simplify and the initial data matrix X may be a xlxx2 matrix , where 
hardware usage . wl and w2 may respectively be the row count and the 

column count of the initial matrix W , xl and x2 may 
SUMMARY OF THE INVENTION 30 respectively be the row count and the column count of the 

initial data matrix X , and wl , w2 , xl , and x2 may be positive 
An embodiment provides a method for compressing an integers larger than zero . The matrix multiplication 100 may 

initial weight matrix . The method includes generating a first be performed when performing a weighted calculation . Each 
weight matrix and a second weight matrix according to the element of the initial weight matrix W may be a weight 
initial weight matrix where the initial weight matrix is a 35 variable and be used for weighting a corresponding element 
Kronecker product of a transposed matrix of the second of the initial data matrix X , and each element of the initial 
weight matrix and the first weight matrix ; optimizing the data matrix X may be a data variable needed to be processed . 
first weight matrix and the second weight matrix to generate In other words , the elements of the initial weight matrix W 
an optimized first weight matrix and an optimized second may be used for adjusting the elements stored in the initial 
weight matrix ; generating a processed data matrix according 40 data matrix X. This process may be used for a machine 
to an initial data matrix where the initial data matrix is learning system to calibrate the data stored in the initial data 
vectorization of the processed data matrix ; multiplying the matrix X for recognizing the data stored in the initial data 
processed data matrix by the optimized first weight matrix to matrix X. For example , if the elements ( i.e. data variables ) 
generate a first product ; multiplying the optimized second stored in the initial data matrix X are raw data about gestures 
weight matrix by the first product to generate a second 45 in a three - dimensional space and are obtained by detecting 
product ; and vectorizing the second product to generate the gestures by a radar device , the initial weight matrix W 
vectorization of the second product . The vectorization of the may be used to calibrate the data in the initial data matrix X 
second product is equal to a product of the initial weight for better recognizing the gestures . 
matrix and the initial data matrix , and the initial weight The initial weight matrix W may be optimized to improve 
matrix requires a larger memory space than a combined 50 the accuracy of the result of calibrating the initial data matrix 
memory space of the first weight matrix and the second X using the initial weight matrix W. The process of opti 
weight matrix . mizing the initial weight matrix W may be a training process 

These and other objectives of the present invention will of machine learning . The training process may be performed 
no doubt become obvious to those of ordinary skill in the art with a neural network . However , since the initial weight 
after reading the following detailed description of the pre- 55 matrix W may be large , it requires excessive memory space 
ferred embodiment that is illustrated in the various figures to perform neural network training directly with the initial 
and drawings . weight matrix W. 

In order to reduce the usage of memory space , a calcu 
BRIEF DESCRIPTION OF THE DRAWINGS lation as shown in FIG . 2 may be performed . FIG . 2 

60 illustrates a calculation of matrix multiplication 200 corre 
FIG . 1 illustrates a calculation of matrix multiplication sponding to the matrix multiplication 100 of FIG . 1. The 

according to an embodiment . matrix multiplication 200 may be performed by multiplying 
FIG . 2 illustrates a calculation of matrix multiplication a processed data matrix X ' by a first weight matrix A to 

corresponding to the matrix multiplication of FIG . 1 . generate a first product AxX ' , and multiplying a second 
FIG . 3 illustrates a block diagram of optimizing the first 65 weight matrix B by the first product AxX ' to generate a 

weight matrix and the second matrix according to an second product AxX'XB . According to an embodiment , the 
embodiment . relationships among the initial weight matrix W , the initial 
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3 
data matrix X , the processed data matrix X ' , the first weight 
matrix A , and the second weight matrix B may be as follows . 

X ' = 
W = BTOA ( eq - 1 ) ; 

-continued 
90 

2 

83 

211 
WXX = 

98 

ved 211 250 = vec 230 ) D 

30 access 

35 

X = vec ( X " ) ; and ( eq - 2 ) 5 
According to the foresaid equation eq - 3 , the following 

WxX = vec ( AxXxB ) ( eq - 3 ) . equation may be derived . 
As expressed in the equation eq - 1 , the initial weight 

matrix W may be a Kronecker product of a transposed 
matrix B7 of the second weight matrix B , and the first weight 10 
matrix A. The Kronecker product is denoted by 0 . 

As expressed in the equation eq - 2 , the initial data matrix 
X may be vectorization of the processed data matrix X ' . 250 
As expressed in the equation eq - 3 , the vectorization of the 

second product ( i.e. vec ( AxX'xB ) ) may be equal to a 15 250 product of the initial weight matrix W and the initial data 
matrix X , that is the product ( WxX ) shown in FIG . 1 . = vec ( A x X'XB ) 

As shown in FIG . 2 , the first weight matrix A may be an 
alxa2 matrix , the processed data matrix X ' may be an xlxx2 
matrix , and the second weight matrix B may be a b1xb2 20 As described in this example , the initial weight matrix W 
matrix , where al and a2 may respectively be the row count is a 4x4 matrix , and each of the matrixes A and B is a 2x2 
and the column count of the first weight matrix A , x1 and x2 matrix . Hence , the initial weight matrix W may require a 
may respectively be the row count and the column count of larger memory space than a combined memory spa of the 
the processed data matrix X ' , b1 and b2 may respectively be first weight matrix A and the second weight space B. Hence , 
the row count and the column count of the second weight 25 less hardware resource may be required , the computation 
matrix B , and al , a2 , x1 , x2 , b1 and 52 may be positive speed may be improved , and the power consumption may be 
integers larger than zero . reduced . The above example is not used to limit the scope of 

Because a sum of a product of al and a2 and a product of embodiments . According to embodiments , the foresaid 
b1 and b2 may be smaller than a product of wl and w2 ( i.e. matrixes W , X , X ' , A , B may be stored in a random access 
( al.a2 + b1 b2 ) < ( wl w2 ) ) , the initial weight matrix W may memory ( RAM ) , dynamic random memory 
require a larger memory space than a combined memory ( DRAM ) , static random access memory ( SRAM ) , or flash space of the first weight matrix A and the second weight memory . No matter which sort of memory is used , the matrix B. As a result , by performing neural network training required memory space may be reduced using the method with the first weight matrix A and the second weight matrix provided by embodiment . B instead of the initial weight matrix W , the required Because the two weight matrixes A and B rather than the memory space may be effectively compressed and reduced . initial weight matrix W may be used to process the data According to embodiments , the row counts and the line stored in the initial data matrix X through using the pro counts of the matrixes A and B may be adjustable , and the 
compression rate of the weight matrix may therefore be cessed data matrix X ' , it could be said that weight matrixes 
adjustable . of a bilinear form may be used according to embodiments . 

Here is an example of the foresaid operations . The initial FIG . 3 illustrates a block diagram of optimizing the first 
weight matrix W and the initial data matrix X may be as weight matrix A and the second matrix B according to an 
follows . embodiment . As shown in FIG . 3 , the initial weight matrix 

W may no longer be trained ( optimized ) . Instead , the first 
45 weight matrix A and the second matrix B may be optimized 

by being trained with a machine learning process so as to 
generate an optimized first weight matrix Aopt and an opti 
mized second weight matrix Bopt . The training process may 
adjust the weight matrixes A and B by referring to the result 

50 of recognition of the data in the data matrix X. The training 
for the weight matrixes A and B may be performed recur 
sively so as to continuously optimize the weight matrixes A 

X = and B for improving the result of machine learning . After 
obtaining the optimized weight matrixes Appt and Bope the 

55 optimized weight matrixes Aopt and B 
replace the weight matrixes A and B. In other words , after 

According to the foresaid equations eq - 1 and eq - 2 , the obtaining the optimized weight matrixes Appt and Bope , the 
first weight matrix A , the second weight matrix B , and the right - hand side of the foresaid equation eq - 3 may be rewrit 
processed data matrix X ' may be obtained as follows . ten as vec ( App : XX'xBopt ) , and this may substantially equal 

60 to the result of weighting the initial data matrix X. 
FIG . 4 illustrates a flowchart of a method 400 correspond 

ing to FIGS . 1-3 and according to an embodiment . The 
method 400 may include the following steps . 

Step 405 : form an initial data matrix X according to data 
65 collected by a Doppler radar ; 

Step 410 : generate a first weight matrix A and a second 
weight matrix B according to the initial weight matrix W 

40 

5 10 7 14 

15 20 21 28 
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18 24 24 32 

9 

0 

1 

Popt may be used to 

1 2 
A = [ 32 3 4 

5 6 
B = 

8 



opt 
opt 

US 10,628,515 B2 
5 6 

where the initial weight matrix is a Kronecker product of a hardware accelerator 510 to be processed , and then be sent 
transposed matrix B7 of the second weight matrix B and the back . According to FIG . 5 , the output result R of the block 
first weight matrix A ; 50b ( RNN layer ) may be corresponding to the weighted 

Step 420 : optimize the first weight matrix A and the initial data matrix ( WxX ) , and be used to decode the data in 
second weight matrix B to generate an optimized first weight 5 the matrix X. The hardware accelerator 510 may be used to 
matrix Appt and an optimized second weight matrix Bopri multiply the processed data matrix X ' by the optimized first 

Step 430 : generate a processed data matrix X ' according weight matrix Aopt to generate a first product ( ApprxX ' ) , 
to an initial data matrix X where the initial data matrix X is multiply the optimized second weight matrix Bopt by the first 
vectorization of the processed data matrix X ' ; product ( ApprXX ' ) to generate the second product ( A.p * X'x 

Step 440 : multiply the processed data matrix X ' by the 10 Bopt ) , and vectorize the second product ( App , XX'xBop ) to 
optimized first weight matrix App to generate a first product obtain vec ( ApexX'xBopt ) , i.e. the weighted initial data 
( Apr * X ' ) ; matrix X. In other words , Steps 440 to 460 may be per 

Step 450 : multiply the optimized second weight matrix formed using the hardware accelerator 510. The used set of 
Bopt by the first product ( ApprXX ' ) to generate a second weight matrixes Aopt and B under an FC layer may be 
product ( ApprxX'xBopt ) ; and 15 different from the used set of weight matrixes Aøpt and B 

Step 460 : vectorize the second product ( AopexX'xBopt ) to under an RNN layer , however , the hardware accelerator 510 
generate vectorization of the second product ( vec ( App : XX'X may still be able to be reused under different layers . Accord 
Bopt ) ) . ing to an embodiment , Steps 430 to 460 may be performed 

Regarding Step 410 , Step 410 may be corresponding to using the hardware accelerator 510 under an FC layer and an 
the equation eq - 1 , and the matrixes A and B may be obtained 20 RNN layer of machine learning process . Therefore , the 
according to the matrix W. hardware accelerator 510 may be reused among different 

Regarding Step 420 , the first weight matrix A and the layers of a process of machine learning according to 
second weight matrix B may be trained and optimized to embodiments . The hardware accelerator 510 may be of a 
generate the optimized first weight matrix Appt and the microcontroller , a central processing unit , an application 
optimized second weight matrix Bopt by performing neural 25 specific integrated circuit , or a specific circuit unit which 
network training with the first weight matrix A and the may perform calculations of multiplication , addition and / or 
second weight matrix B according to an embodiment . The trigonometric functions . 
training process may be performed according to the result of FIG . 6 illustrates a step performed for optimizing the first 
decoding the data of the matrix X and the matrixes A , B and weight matrix and the second weight matrix described in 
X. 30 FIG . 4 according to an embodiment . FIG . 7 illustrates a step 

According to another embodiment , the result of optimiz performed for optimizing the first weight matrix and the 
ing the weight matrixes A and B by performing the neural second weight matrix described in FIG . 4 according to 
network training may be quantized to further compress the another embodiment . FIG . 8 illustrates a step performed for 
result . For example , if the trained weight matrixes A and B optimizing the first weight matrix and the second weight 
are of a floating point format , they may be quantized to be 35 matrix described in FIG . 4 according to another embodi 
of a fixed - point format to be further compressed , and the ment . FIG . 9 illustrates a step of storing the initial weight 
required memory space may be further reduced . For matrix W , the first weight matrix A and the second weight 
example , the matrixes of a 32 - bit format may be of an 8 - bit matrix B in a random access memory ( RAM ) , dynamic 
format after being quantized . random access memory ( DRAM ) , static random access 

According to another embodiment , the result of optimiz- 40 memory ( SRAM ) , or flash memory according to an embodi 
ing the weight matrixes A and B by performing the neural 
network training may be further compressed with an entropy For example , the initial data matrix X may be formed 
coding algorithm . An entropy coding algorithm may assign according to data collected by a Doppler radar . The data may 
a unique code to each symbol that occurs in the data . An be raw data about gestures in the three - dimensional space , 
entropy encoder may then compress data by replacing each 45 and the output result R may be used to recognize the 
fixed - length input symbol with a corresponding variable gestures . 
length code . The most often used symbols may be replaced In summary , a method of an embodiment may be used to 
with the shortest codes , and the data may hence be com compress the weight matrix so as to reduce the required 
pressed . For example , a Huffman coding algorithm may be hardware memory space , and it may be allowed to reuse an 
used to compress the result of training the weight matrixes 50 identical hardware accelerator under difference layers of a 
A and B. machine learning process . It may be easier for parallelization 

FIG . 5 illustrates a block diagram of applying the opti by separating a huge initial weight matrix to be two smaller 
mized weight matrixes Aopt and Bopt according to an weight matrixes . Hence , methods of embodiments may 
embodiment . As shown in FIG . 5 , the block 50a may refer provide solutions for alleviating problems encountered in 
to a process of fully connected ( FC ) layer of machine 55 the field . 
learning , and the block 50b may refer to a process of Those skilled in the art will readily observe that numerous 
recurrent neural network ( RNN ) layer of machine learning . modifications and alterations of the device and method may 
Each of the blocks 50a and 50b may correspond to specific be made while retaining the teachings of the invention . 
hardware , software or integrated hardware - software . A hard Accordingly , the above disclosure should be construed as 
ware accelerator 510 may be reused among different layers 60 limited only by the metes and bounds of the appended 
of a process of machine learning according to embodiments . claims . 
The initial data matrix X may be input into the block 50a to What is claimed is : 
be processed under the FC layer , and then be processed in 1. A method for compressing an initial weight matrix , 
the block 50b under the RNN layer . When processing the comprising : 
data in the matrix X under FC layer , the data may be sent to 65 forming an initial data matrix according to data collected 
a hardware accelerator 510 to be processed , and then be sent by a Doppler radar wherein the Doppler radar detects 
back . Then , under the RNN layer , the data may be sent to a gestures to collect the data ; 

ment . 
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generating a first weight matrix and a second weight 3. The method of claim 1 , wherein optimizing the first 
matrix according to the initial weight matrix wherein weight matrix and the second weight matrix to generate the 
the initial weight matrix is a Kronecker product of a optimized first weight matrix and the optimized second 
transposed matrix of the second weight matrix and the weight matrix is optimizing the first weight matrix and the first weight matrix ; 5 second weight matrix to generate the optimized first weight optimizing the first weight matrix and the second weight 
matrix to generate an optimized first weight matrix and matrix and the optimized second weight matrix by perform 
an optimized second weight matrix ; ing neural network training and quantizing a result of the 

generating a processed data matrix according to the initial neural network training . 
data matrix wherein the initial data matrix is vector 4. The method of claim 3 , wherein the optimized first 
ization of the processed data matrix ; weight matrix and the optimized second weight matrix are 

multiplying the processed data matrix by the optimized quantized to an 8 - bit format from a 32 - bit format . 
first weight matrix to generate a first product by a 5. The method of claim 1 , wherein optimizing the first 
hardware accelerator ; weight matrix and the second weight matrix to generate the multiplying the optimized second weight matrix by the optimized first weight matrix and the optimized second first product to generate a second product by the 15 weight matrix is optimizing the first weight matrix and the hardware accelerator ; and 

vectorizing the second product to generate vectorization second weight matrix to generate the optimized first weight 
of the second product by the hardware accelerator ; matrix and the optimized second weight matrix by perform 

wherein the vectorization of the second product is equal ing neural network training with the first weight matrix and 
to a product of the initial weight matrix and the initial 20 the second weight matrix , and compressing a result of the 
data matrix , the initial weight matrix , the first weight neural network training with an entropy coding algorithm . 
matrix and the second weight matrix are stored in a 6. The method of claim 5 , wherein the entropy coding 
memory , and a memory space of the memory used to algorithm comprises a Huffman coding algorithm . 
store the initial weight matrix is larger than a combined 7. The method of claim 1 , wherein multiplying the pro 
memory space of the memory used to store the first 25 cessed data matrix by the optimized first weight matrix to weight matrix and the second weight matrix . generate the first product , multiplying the optimized second 2. The method of claim 1 , wherein : 

optimizing the first weight matrix and the second weight weight matrix by the first product to generate the second 
matrix to generate the optimized first weight matrix and product , and vectorizing the second product are performed 
the optimized second weight matrix is optimizing the under a fully connected layer and a recurrent neural network 

layer . first weight matrix and the second weight matrix to 8. The method of claim 1 , wherein the memory , is a generate the optimized first weight matrix and the 
optimized second weight matrix by performing neural random access memory , dynamic random access memory , 

static random access memory , or flash memory . network training with the first weight matrix and the 
second weight matrix . 

30 


